'Y
A EHEE B
A L4 B 4

JOURNAL OF IMAGE AND GRAPHICS
1 SHER SRS MRS
] TP
AC R IR S T TR

HASMIitEEHL P290




20145628 $£19¢& 28 (25214H)

TEERERER 5K

Zhongguo Tuxiang Tuxing Xuebao

HENAEEIGIeR

ﬁﬁﬂﬁﬁﬁ@]u&ﬂ]}ﬁlﬂﬁ;ﬁ

anE, HET, TERE .. 0187
;KE%UREEE*T*D?T?@LDEJEFEﬂﬁﬁE

Bl BF1mED

ﬁ$ﬁ$ﬂ5ﬁﬁﬁ%¢§?&i&FCM¥?&E@$ﬁ5&ﬂs‘é ERG LT
_uD—EﬁEIEI'E,%ﬂJEFi‘EiFDF EREER

FH, AT, k{2, B5fA, 0194
: _ ; = %\Eﬂ NAY WER%EI‘@ ﬁmﬁ‘m

— : . BOF, HES, WNE 0201
P RIBEREI LR ﬁﬂmmUVMEAEM%FﬁﬁEI&EE

88(3p227m) ik, TEIE, BE, TBH 021
ﬁﬁlf&ﬁﬂ%ﬁiﬂﬁﬁﬂﬁfﬁEJE&

Sﬂﬁﬁiﬂﬁﬁ%%—%ﬁﬂi&ﬂﬁ%ﬁ

B, RLT, FOTIB R 0227

Elgs iRz

iR R A SHES S S RO il

iR, FHH s s
E?Hﬁ%ﬁﬁ%;ﬁﬁwm
AP, NS, HE, : SRR DR
EﬁﬁFTmﬁmﬁmh&ﬂﬁﬁﬁ

THIR, 5538 _ 0253

ERERANT SN
@Eﬂxeﬂ’.ﬁtbﬁﬁﬁﬁﬁﬂﬁ'ﬁﬁﬁﬂ
NEE, PEH, 28, #8, WA .. R R 0266

A R 28] S8 75 it — o
O AT (S 2347) E“Em[glﬁ’* NI,
:%iIJ:Sald Ballﬁﬂﬂ}ﬁrﬁﬁﬁﬁﬁﬂﬁ
E?m%&}a?fﬂﬂ§ﬁ¥#£ﬁ§%‘rﬁ]§%
ShEE, B, BOG______ 0283

IS B
SIEEHEmRRMIS R
BOREE, ERE, RSB .. 0290

ESFE R

BT AR TR SRR ST

N SRR E S R R B

SKiEfE, A, IR, BXREA. e 0305

‘EFEIEH%SLE
B HESN B A ML E &8 Plﬁﬁﬁﬁfﬂﬂﬂd‘ﬁ&ﬂﬂi_ﬁ’i.f&tm 58

Hi£(55283m) IR, MRsE, FMRER, EAENS

3 % : ..0313
ESI&NSCT#DIHSE{}%’EE_E = OB RS

WE, @EiE, TS, Fi e s I R
ﬁﬁﬁziﬁiﬁlaﬁﬁﬁaﬂﬁ% lf&&:ﬁﬁxﬁ&

KiE, IMEE, IS, WaE ; R e 0328



Volume 19, Number 2
Published February 16, 2014

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Finding an optimal
seam-line through the
shortest distance in the
neighborhood(P227)

Corner detection based
on curvature scale space
and chain code direction
statistics(P234)

Target feature based
multi-resolution volume
rendering(P283)

Forum: Forefront of Computer Vision
Cognitive reasoning method for behavior understanding

Tao Linmi, Yang Zhuoning, Wang Guojian . . 0167
Deep learning and its new progress in object and behavior recognition
Zheng Yin, Chen Quanqi, Zhang Yujin ... ... S — S — 0175

Image Processing and Coding

Correlation noise modeling based on improved Fuzzy C-Means clustering in distribu-

ted video coding

Yang Chuniing, WU JURN e 0185
Compressed sensing video model based on a first-order auto regressive moving

average model

Wang Jiaoyu, Xu Xiaohong, Shen Renming, Liao Chongyang, YangXun 0194
Information content weighted gradient salience structural similarity index for image
quality assessment

Xu Shaoping, Yang Rongchang, Liu Xiaoping _. A— T 0201
Compound regularized compressed sensmg |mage reconstructlon based on opilmal
reweighted TV

Fei Xuan, Wei Zhihui, Xiao Liang, LiXingxiu 0211
False contour suppression with anisotropic adaptive filtering

NiJing, Wang Shuozhong, Liao Chun, Zeng Xing 0219
Finding an optimal seam-line through the shortest distance in the neighborhood

Zheng Yue, Cheng Hong, Sun Wenbang .. s VBB

Image Analysis and Recognition

Corner detection based on curvature scale space and chain code direction statistics

Zeng Jiexian, LiWeiye . S § v T |
Palm-vein recognition based on oriented features

Zhou Yujia, Liu Yaqin, Yang Feng, HUaNG JiNG || . ... .0243
Efficient cascade classifier for object tracking in complex conditions

Jiang Weijian, Guo Gongde

Image Understanding and Computer Vision
Local feature descriptor based on mean normalized contrast
Yan Xuejun, Zhao Chunxia, Yuan Xia, Xu Dan, LiuFan . ...0266

Computer Graphics

Generalized progressive iterative approximation for Said-Ball based on triangular

domains

Zhang Li, Li Yuanyuan, Yang Yan, Tan Jieqing _ . 0275
Target feature based multi-resolution volume rendermg

GO Siqi, Lu Cai, N8 KIBOWAN oottt ettt 0283

Geoinformatics
HASM optimization based on the improved difference scheme
Zhao Mingwei, Yue Tianxiang, ZRao Na ..o D 230

Medical Image Processing

Method of modeling and visualization for repairing of osteoarticular defect

Xing Huijun, Yang Jian, Ui QN e 0297
Magnetic resonance medical images segmentation based on a local statistical information model

Zhang Jianwei, Fang Lin, Chen Yunjie, Zhan TIanming, ... ..o s 0305
Remote Sensing Image Processing

Remote sensing image enhancement based on dark channel prior and bilateral filtering

Zhou Yuwei, Chen Qiang, Sun Quansen, HuBaopeng 0313
Remote sensing image fusion based on an improved NSCT and IHS transformation

Liu Hui, Zhou Kefa, Wang Jinlin, Wang Shanshan _ _ 0322

Segmented 2DPCA algorithm for band selection of hy?pe}'spectral im'agé '
Zhang Jing, Sun Junxi, Ruan Guangshi, Liu Hongxi




E-mail: jig@irsa.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-64807995 COHEERERZIRRIFFE
FEZESES: XEkFRINAD: A LEHE: 1006-8961(2014)02-0175-10

W B AES: ML, Bbui, B . R ) KMOHAE BAR RAT 5 U i s e [ 1], v [ BT R BB 2441, 2014,19(2) - 175-184. [ DOIL:
10. 11834/jig. 20140202 ]

i~ EFE IR EAE BT AR PR R

AL, BRAUE, FEE

RSB F IR, JLat 100084

B OE: BE WEE RGP BT S O S TR 2 2T 6 A AR R 4Ok IR 2 H
B FARFIAT A A BT BT 7 ) o A5 RS B 2 AL e AU 50 38 6 TR E 2 > BEAT TR R A8, 4
2 AR AT AR BB S, X IR L7 > SO FAR AT iR vh i dE S 4 AR . 53k B e N RIRIE - 4
ST AR DL | F2 B & A LB 5 R A 4 Al TR TR B8 2 > A H AR AT D U5 D i i) — L R . 48
R OMIE TR SN Z R OC R R A B PE B, UK H BT BE % ) BRIS T B e ) T ) A
B OO TR A I BT FARFIAT A R A58 A B4 s Bl

KR R BRI AT AU 5 T ML e

Deep learning and its new progress in object and behavior recognition

Zheng Yin, Chen Quangi, Zhang Yujin
Department of Electronic Engineering, Tsinghua University, Beijing 100084, China

Abstract: Objective Deep learning is a new research area in machine learning. Currently, extracting features by deep
learning for visual object recognition and behavior recognition capture many attentions. To draw more attention from research
community about deep learning, and to push forward the research frontier of object and behavior recognition, we give a
general progress overview for deep learning and its application to visual object and behavior recognition. Method First, we
give a general introduction to deep learning, including the basic situation, main concepts and principle. Then, some new
progresses on using deep learning in visual object recognition and behavior recognition are presented. Result A discussion
about the differences between deep learning and neural network as well as the advantage and disadvantage of deep learning
are given, the main existing problems that should be solved for deep learning theory are pointed. Conclusion This paper
should provide some help for the research community on applying the deep learning to the visual object and behavior recog-
nition.

Key words: deep learning; object recognition; behavior recognition; computer vision
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Fig. 1  The framework of recognition in computer vision
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Fig. 2 The family of deep learning algorithm

© [ K G BT AR AU A



$19%5 /58208 /2014 F2 8

*BIAL, PEAE, EHRE / REFIREEBEIFINTRIRBIPHHHE

7 ) B i B DA R AR SE PR AR rh 225 T B B
PR 2 SR D BRRD ARG |
2.1 ETREHERZSVNREZIIEY

BRI B IR 4% 2 AL RAR) TR 32 15 X 246 1 Rl
I, HAR R A 4527 2] B (TR0 7™ A 155 & 45 1 B A
AR o
2. 1.1 BURZZEM

B% /K 2% 2 Hl. ( Boltzmann machine ) "' 2% Jii [+ J&
—FhEE AR, B AL 48 X T 28045 (6] (con-
figuration space ) H1&E—FHFLLE A — MR IE A
REEE 5 2NN, il BRSO A2 DA 280 [H] 1 BR AL 1Y
WSt PR, AT A B 3 o > (i A5 RE B IR B A &
BORBIMERT . G5 FRUE, B/R 2 2 HLUERUZ TT
] A K] i 3 . i T R L, 3 BT

PRSI A B FI R B 2 01 AR AT O

K3 BURZEYURER

Fig. 3  The illustration of Boltzmann machine

PR %% 2 LA RE B pRECH
E(x,h) = =b'x —c'h—-h'Wx —x'Ux —h'Vh (1)

Ao FRATILE b FRBZE, be 10,115, ce
{0,117 43 51 2 ml UL 2 R 2 B0 50 19 fi & ( off-
set) ,K.D 435|327/ AT WL 2 FIBRZ B oc i H . W
U .V 53 53] 7R WL 22 F0 e 22 22 1], L) J2 78 & 2
[, o 2708 i 22 R ) 4 F A R R

TESEBR R, B TR A AR S 1 — AL A
THIFFEAE, 5 BT ] B 2R ] 9k 52 R 1% 7 ik (MC-
MC) PR B R 2 B AT AL 2 MCMC Jy
PSS AR, DA Ot AT T S BR A 3R 2% = LA
Xof HUHICRE 7 R i X — i)
2.1.2 [RHIBIRZZ 2L

BRI /R 2% 2 ML S X 4 i 488 114 B 2K 2% 2 L
FEAT TR, PR A5 A 2 AR 4 e AT IR B0 R 2 b
H P —Z )5, 5 —Z R oo <7, Bi=C(1) h
UV R ICR ST 0, 2 ST i 5

A SR ) I s R A I 2 IR 1 3% 71 2% = ML O v R 45
Z—", i RBM s 4 it B N R E E S M 4%
(DBN) " ity i BT . B 1 3% 2K 2% 2 BIL g A 7
el 4 s, AL, Z2NRITZ BIAEERR, 2
B PRIT R EIEE LR

hy hy

Xi Xo X3

P4 FREIBR 2% 2 HRE R

Fig. 4 The illustration of restricted Boltzmann machine
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Fig. 5 The illustration of auto-encoder
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Fig. 6 The illustration of denoising auto-encoder
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